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ABSTRACT

This work presents s fFDN, a modular and real-time-capable C++
library for Feedback Delay Networks (FDNs), together with the
companion FDN Sandbox application designed for interactive ex-
perimentation, analysis, and parameter optimization. The library
implements the canonical FDN as well as several recent exten-
sions, including filter feedback matrices, velvet-noise decorrela-
tion filters, and two-stage graphic equalizers for attenuation and
tone correction. The Sandbox application exposes these features
through a graphical interface, providing a suite of real-time visu-
alizations, as well as an optimization framework supporting nine
algorithms from the ensmallen library, with built-in loss func-
tions for both colorless reverberation and room impulse response
matching. Both the library and the application are open-source.

1. INTRODUCTION

Artificial reverberation has a rich history dating back to the 1960s,
beginning with the work of Manfred Schroeder [1]. Since then,
many methods have been proposed to simulate acoustic spaces,
each with its own trade-offs. One of the most popular approaches
is the Feedback Delay Network (FDN), favored for its high flexi-
bility and relatively low computational cost [2)/3[4].

However, the large number of parameters that must be cho-
sen for an FDN can make it difficult to achieve perceptually con-
vincing results. Poor parameter choices quickly lead to unpleas-
ant metallic artifacts or unnatural decay profiles in the resulting
sound. This tuning task becomes even more challenging when tar-
geting specific reverberation characteristics, such as replicating the
acoustic characteristics of a real-world room. In recent years, dif-
ferentiable digital signal processing (DDSP) |5] techniques have
emerged as a powerful approach to tackle this problem. They have
proven highly effective for reducing unwanted coloration and au-
tomatically matching synthetic reverberators to measured impulse
responses. Despite these advances, bridging the gap between re-
search and practical use remains a challenge. Implementing a dif-
ferentiable FDN for optimization purposes often results in code
that is tightly coupled with machine learning frameworks and too
computationally heavy for real-time audio applications like video
games, virtual reality, or live music production.

Furthermore, recent FDN extensions such as velvet noise fil-
ters [6] or filter feedback matrices |7] have been proposed to fur-
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ther improve the perceptual quality of FDNs. Reference imple-
mentations of these methods are often made available by their au-
thors, but they are typically implemented in MATLAB, making it
difficult to accurately assess their real-time performance and suit-
ability for use in production environments.

This work introduces the sfFDN library, a flexible and real-
time-capable C++ implementation of the FDN structure and its re-
cent extensions, as well as the FDN Sandbox application, which
allows users to experiment with different FDN configurations and
parameters in real-time.

2. THE SFFDN LIBRARY

To power the FDN Sandbox application, a custom C++ library
called sfFD was developed. Heavily inspired by the FDN Tool-
box MATLAB library [8], sfFDN was designed to bridge the gap
between research and real-time audio processing by being modu-
lar, easily extensible to allow new FDN extensions to be integrated,
and performant enough to be used in production environments.
The FDN structure presented by Prawda et al. [9] was reimple-
mented in s£FDN to demonstrate the performance of the library.
Tableshows the time taken to process 128 samples of audio for
different FDN sizes compared to the implementation in [9]. The
measurements were taken on a computer with an Intel Core i9-
12900K CPU.

Table 1: Time (in ps) taken to process 128 samples of audio for
different FDN implementations.

FDN Size 4 6 8 16 32
sfFDN 3.8 5.6 7.3 15.0 31.2
RTFDN (9] 6.02 9.55 15.0 39.2  112.0

The FDN topology implemented in the library separates the
canonical structure into distinct building blocks: input gains, de-
lay lines, feedback matrix, loop filters, output gains, tone correc-
tion filters, and direct gain. The library provides classes to imple-
ment the common variations of each of these components, such
as constant and time-varying input and output gains, and com-
mon feedback matrices (Hadamard, Householder, random orthog-
onal, circulant, nested allpass, etc.), time-varying delay lines, and
several types of IIR filters, including the two-stage approach pro-
posed in [10]. More recent FDN extensions are also implemented,
such as filter feedback matrices |7] and velvet noise filters |6].
Figureshows the architecture of the FDN implementation in

https://github.com/Segfaultl1602/sfFDN
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sfFDN. New components can easily be added by inheriting from
the AudioProcessor base class.
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Figure 1: Architecture of the FDN implementation.

3. FDN SANDBOX APPLICATION

The FDN Sandbox applicatio allows users to experiment with
different FDN configurations and parameters in real-time. Fi gur
shows a screenshot of the main interface of the application.

Figure 2: Main interface of the FDN Sandbox application.

The application includes an audio player enabling users to lis-
ten to the generated impulse responses and auralize reverberated
sound files. It also features a convolution reverb module to allow
users to auralize external impulse responses and directly A/B com-
pare them to the synthesized FDN sound.

3.1. Real-time Visualizations

Since the application serves as a tool for experimentation and re-
search, it encompasses a wide variety of graphs that can be valu-
able when analyzing FDNs. These plots, which update dynami-
cally as the user modifies the FDN’s parameters, include:

Zhttps://github.com/Segfault1602/FDNSandbox
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Spectrogram and Mel-spectrogram

Modal excitation distribution

Spectrum and Cepstrum

Time and spectral-domain autocorrelation

Frequency and phase response of the attenuation filters

Energy decay curve (EDC) and Mel-scale energy decay re-
lief (EDR)

Reverberation time (R7T%0)
Echo density profile

3.2. Optimization Interface

The application also incorporates a graphical interface to automat-
ically optimize certain parameters of the FDN. The optimization
is performed directly on the sfFDN FDN, bypassing the need
to use a differentiable implementation. The framework supports
two primary variants of optimizations: optimization for colorless
reverberation and optimization for room impulse response (RIR)
matching. Nine optimization algorithms from the ensmallen
optimization library [11], summarized in Table|2| are currently
supported. For the algorithms that require gradient information,
the gradients are computed using finite differences; both forward
and central finite difference methods are implemented and can be
selected by the user through the interface.

Table 2: Optimization algorithms available in the FDN Sandbox.

Gradient-Based Gradient-Free

Gradient Descent  SPSA
Adam Simulated Annealing
L-BFGS CNE

Differential Evolution
Particle Swarm Optimization
CMA-ES

3.2.1. Optimization for Colorless Reverberation

The input/output gains and the orthogonal matrix coefficients are
fine-tuned to minimize modal coloration. Three types of matrices
are currently supported for optimization: random orthogonal, ran-
dom Householder, and circulant matrix. For an FDN of size [V, the
total number of parameters to optimize is N2 4+ 2N: N? for the
random orthogonal matrix and 2N for the input and output gains.
If a Householder or circulant matrix is used, the number of param-
eters needed to define the feedback matrix is reduced to N, which
can significantly speed up the optimization process for larger FDN
sizes.

Two loss functions are implemented for the optimization of
the FDN parameters for colorless reverberation: a spectral flatness
loss, and a time-domain sparsity loss. The spectral flatness loss
is inspired by the spectral loss function used in [12] and aims to
maximize the spectral flatness of the generated impulse response.
Spectral flatness is defined as the ratio between the geometric mean
and the arithmetic mean of the power spectrum and is given by the

equation:
Flat v i X () (1)
aness = —— 77 -,
% Lo X()
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Figure 3: Optimization interface in the FDN Sandbox.

where X (k) is the power spectrum at bin k {13]. The spectral
flatness is a measure of how noise-like a signal is, with a value
approaching 1 for a perfectly flat spectrum and a value of 0 for
a pure tone. Since the optimization framework used in this work
expects a loss function to be minimized, the spectral flatness loss
Liamess 18 defined as:

Liiamess = |Flatness(X) — 0.56], )
where X is the power spectrum of the generated impulse response.
The constant 0.56 was found empirically, and corresponds to the
average spectral flatness of randomly generated noise signals of
length L = 48000 samples, which is consistent with the findings
of [14]. As mentioned in [12], the spectral flatness loss can lead to
optimization results that have a very low echo density. To mitigate
this issue, the time-domain sparsity loss defined in was also
implemented and is defined as follows:

]2

Lsparsity = 3)
sparsity ”le )
where x is the impulse response and the operator || - ||, is the £,
norm. The total loss function is then defined as:
Lcolor = o1 Lﬁalness + a2£sparsity7 (4)

where a1 and a2 are weighting factors used to balance the contri-
bution of each loss term and can be adjusted by the user to prior-
itize one loss over the other. Figureshows the effect of this op-
timization process on a 6-channel FDN. Figureshows a slight
improvement, seen as a faster buildup of the echo density in the
optimized FDN compared to the initial FDN. Figureshows
a narrower distribution of the modal excitation in the optimized
FDN, which correlates with a reduction in coloration [15].

3.2.2. Optimization for Room Impulse Response Matching

For this step, the parameters optimized are the frequency-dependent
RTso0(w) of the attenuation filters, the gains 7'(w;) of the tone cor-
rection filter, and an additional global gain factor Ggionai. The fil-
ter design used for this optimization is the octave band filter design
proposed in [10]. As the filter used gives control over 10 frequency
bands, the number of parameters to optimize is 10 for the R7gso
values, 10 for the tone correction filter gains, and 1 for the global
gain factor, for a total of 21 parameters. Two loss functions from
are currently implemented for this step, Lepr and Lepc,
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Figure 4: Echo density profile (a) and modal excitation distribu-
tion (b) of the optimized FDN compared to the initial FDN.

defined as follows:

524 3, [EDRIE (m, k) — EDRGZ™

Yok X [EDRGE (m, k) |

Zn (EDCtarget (n) _ EDCoptim (T’L))2
Zn EDctarget (n)Q ?

where EDR'>°* and EDRP™™ are the Mel-scale EDRs of the tar-
get and optimized impulse responses, respectively, and EDCreet
and EDC°P"™ are the EDCs of the target and optimized impulse

responses, respectively. The total loss function is then defined as

O]

(m, k)|

» )

ACEDR =

©)

LepC =

[fspectrum = o1 LEDR + O¢2£EDC7

where a1 and ap are weighting factors that can be adjusted by the
user to prioritize one loss over the other. Early reflections can be
taken into account in the optimization process by including an FIR
filter in the direct path of the FDN during the optimization. Fig-
ureshows the EDR of the optimized impulse response compared
to the target RIR and to the impulse response obtained through
the analysis-synthesis method described in [18]. The optimization
process successfully matches the EDR of the target impulse re-
sponse. While the analysis-synthesis method is able to accurately
match the slope of the EDR, it struggles to match the initial en-
ergy levels of the EDR, which results in the offset between the
two EDR curves seen in Figure The target RIR used was gen-
erated using a mix of image-source and ray-tracing methods using
the pyroomacoustics library and the corresponding early
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reflections filter was generated using the same method with a max-
imum reflection order of 3.

Target 130 Hz
— — — - Oplimized - 130 Hz
Analysis - 130 Hz

———Tager - 2501z
Oplimized - 250 Hz

30
‘ Analysis - 250 Hz
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Figure 5: EDR of the optimized impulse response compared to the
target and to the impulse response obtained through the RIR2ZFDN
analysis-synthesis method [18].

4. CONCLUSIONS

This work introduced the s fFDN library, a flexible and real-time-
capable C++ implementation of the FDN structure and some of its
recent extensions, and the FDN Sandbox application, which allows
users to experiment with different FDN configurations and param-
eters in real-time. An optimization framework is also included and
results show that it can effectively reduce coloration and match
target RIRs without requiring a differentiable FDN implementa-
tion. Both the s£FDN library and the FDN Sandbox application
are open-source and available online.
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